Motivation: Identification of differentially expressed genes is a major issue in gene expression data analysis and selection of marker genes is critical in tumor classification using gene expression data. In this paper, we propose a semiparametric two-sample test to both identify differentially expressed genes and select marker genes for sample classification.
ily. The efficiency comparison between logistic regression and normal discriminant analysis was given by Efron (1975) (see also Halperin et al., 1971) .
In gene expression data analysis, especially in selecting differentially expressed genes which may be used as gene markers to classify human diseases, we hope to find genes reflecting as many different aspects as possible between different samples. To avoid too many parameters and making the calculation too complicated, it may be adequate to take the differences in both the means and variances into account.
Because most gene expression data sets contain a small number of replicates, it is usually difficult to check the normality assumption of the underlying population distributions. One of the robust two-sample tests is the logistic regression method which is called an extension of the classic two-sample t-test.
Our simulation study showed that, in the classification of tumor samples based on gene expression data, if the sample sizes of the two classes in the learning (training) data are not too small, the logistic regression method performs similarly to the nonparametric Wilcoxon test. Otherwise, the logistic method is more powerful than the nonparametric Wilcoxon test. In all the situations, logistic and Wilcoxon methods are more powerful than t-tests. This advantage of the semiparametric method is especially important in microarray data analysis because the number of replicates is usually small in this context.
METHODOLOGY
Our gene selection procedure is based on the multiple tests performed separately on each gene. For a given gene, let x i j denote the gene expression level of the ith replicate in the jth group. For each fixed j = 0, 1, . . . , m, the x i j , i = 1, . . . , n j are an iid sample from distribution F j . Suppose that
is a known vector of functions of x such as T (x) = x or T (x) = (x, x 2 ) τ . Qin and Zhang (1997) and Zhang (1999 Zhang ( , 2001 Zhang ( , 2002a studied the goodness-of-fit tests for this model.
Let Y be a multi-category response variable with m + 1 categories, π j = Pr(Y = j) and F j be the conditional distribution of X given Y = j for j = 0, 1, . . . , m. It is easy to see that model (1) is equivalent to the following polychotomous logistic model (see, for example, Lesaffre and Albert, 1989a; Zhang, 2002a) log
where α * j = α j − log(π 0 /π j ). Consider the following hypothesis:
Let n = n 0 + · · · + n m , α 0 = 0, β β β 0 = 0, and denote the combined sample {x 01 , . . . , x 0n 0 , . . . , x m1 , . . . , x mn m } by {u 1 , . . . , u n }. Based on the semiparametric model (1), the likelihood of the expres-
Using the Lagrangian multiplier method, we get (Zhang, 2002b) 
where ρ j = n j /n for j = 0, . . . , m. Letα α α = (α 1 , . . . ,α m ) τ and B B B = (β β β 1 , . . . ,β β β m ) be the solution to the score equations:
The minus twice the logarithm of likelihood ratio test statistic
whereα 0 = 0,β β β 0 = 0. For large sample sizes, LR has an asymptotic χ 2 distribution with md degrees of freedom.
Let z i j = j, for j = 0, . . . , m; i = 1, . . . , n j . By fitting The CATMOD procedure of SAS can be used to perform the analysis of generalized logits for polychotomous outcomes.
When T (x) = (x, x 2 ) τ and m = 1, O'Brien (1988) called the above test "a natural generalization of the t-test". It is actually a simultaneous test about the population means and variances. In fact, from (1), it is easy to see that the symmetrized Kullback-Leibler information distance between the two distributions F 0 and F j in the exponential change point model measures the difference between E F 0 T (X) and
,
2Ī( f , g) is also called J-divergence (see Jeffreys, 1946) . Compared to the parametric models, such as Gaussian models, for simultaneous tests of means and the variances, this semiparametric test is more robust in the sense that it assumes no specific forms of the underlying population distributions and only focuses on the relationship between them. Indeed, the two underlying distributions are assumed to be nonparametric except that the tilt has a parametric exponential form. From (1) and (2), we know that in this logistic model we regress the posterior log odds ratio against x. We also "regress" the log ratio of the two unknown density (frequency) functions.
The above semiparametric method has been applied to changepoint problem in Guan (2004) and was shown to be more sensitive and robust than some nonparametric methods.
Polychotomous discrimination was applied to multi-class cancer classification in Nguyen and Rocke (2002) .
An important issue in logistic regression is the existence of the maximum likelihood estimate of β β β . As pointed out by Albert and Anderson (1984) and Lesaffre and Albert (1989b) , if for some gene, the data x i j is completely or quasicompletely or partially separated, the maximum likelihood estimate of B B B
in the above logistic regression does not exist. In this case, the gene is clearly a marker gene and may not be detected using this semiparamertic method. However, in this case, any other methods such as t-test and Wilcoxon test should be able to detect the marker gene. Moreover, Albert and Anderson (1984), Lesaffre and Albert (1989b) , and Santner and Duffy (1986) provided methods to determine whether data is separated or overlapped. Therefore, if in the iteration of finding maximum likelihood estimate of β β β exceed a given limit, one would like to apply these methods to check the separation status. If the data is separated into the correct groups, then this particular gene is obviously a marker gene. A better strategy to find marker genes is to first apply Wilcoxon test, and if the result of this test is significant, then select the gene, otherwise perform logistic regression test.
APPLICATION TO LEUKEMIA STUDY
The leukemia dataset contains gene expression levels in two types of acute leukemia: acute lymphoblastic leukemia (ALL) and acute myeloid leukemia (AML) (Golub et al., 1999) .
Gene expression levels were measured by using Affymetrix 
CLASSIFICATION
As mentioned in Dudoit et al. (2002a) , the identification of "marker" genes for classification of tumors is an important issue and t-tests are generally unable to identify genes that discriminate between all the classes. Using logistic regression with d = 2, we take the change in the variance of training data into account. We do not mean, and it is also impossible, to use the instability of the expression level of the selected gene to discriminate different classes. However, this feature is actually present in gene expression data. From this point of view, we see that bagging (Breiman, 1998 (Breiman, , 1996 
Error Rate Estimation Using Simulation
We first select the top p = 30, and 40 significant genes based on eight tests: This simulation study shows that different marker gene selection methods affect the output of the classification dramatically.
Since we mainly focus on the comparison of different methods of marker gene selection, we can compare these methods by selecting genes based on all data sets available and then compare the classification results using different sets of marker genes. We note that the misclassification rates may be underestimated, although the set of marker genes may converge for each gene selection method when the learning dataset large enough. Figure 7 compares the results based on the same set of marker genes which are selected using all the data sets available. X15949 IRF2 Interferon regulatory factor 2 ( Human mRNA for interferon regulatory factor-2 (IRF-2) ) J05243 SPTAN1 Spectrin, alpha, non-erythrocytic 1 (alpha-fodrin) ( Human nonerythroid alpha-spectrin (SPTAN1) mRNA, complete cds )
DISCUSSION

U62136
Putative enterocyte differentiation promoting factor mRNA, partial cds ( Homo sapiens enterocyte differentiation associated factor EDAF-1 mRNA, complete cds ) Human T-cell leukaemic cell line JM, cDNA to mRNA, clone pJM3E11. )
